Abstract. This paper describes a new aerial images segmentation algorithm. The algorithm is based upon the knowledge of image multi-scale geometric analysis which can capture the image's intrinsic geometrical structure efficiently. The Contourlet transform is selected to represent the maximum information of the image and obtain the rotation invariant features of the image. A modified Mumford-Shah model is built to segment the aerial image by a necessary level set evolution. To avoid possible local minima in the level set evolution, we control the value of weight numbers of features in different evolution periods in this algorithm, instead of using the classical technique which evolve in a multi-scale fashion.
Introduction
Nowadays, with the development of sensor technology, the resolution of remotely sensed images has become higher, with more information being contained than before. Consequently, many remotely sensed image processing algorithms have appeared. Most of them are focused on the segmentation or classification of man-made objects.
The two main methods in the study of man-made object segmentation are: modelbased algorithms and feature-based algorithms.
Model-based algorithms include the works of Jia Li [1] , A.L.Reno [2] , J.L.Solka [3] etc. These algorithms can segment man-made objects precisely. However, it is very difficult to build a precise estimation model due to the complexity of remotely sensed images. Moreover, the computation of the estimated parameters of the model is inevitably complex and time-consuming. Feature-based algorithms include the works of Mark.J Carlotto [4] , Stephen Levitt [5] etc. These initial studies consider the low level features of the image. Recent studies integrate high level analysis of the features of color, texture, height and so on. The remotely sensed images segmentation methodology proposed in this paper is based on the knowledge of image multi-scale geometric analysis, which can extract the features of the image efficiently. How to obtain the rotation invariant features is described in the paper. In order to classify the remotely sensed images, a modified Mumford-Shah model is introduced to integrate the rotation invariant features, while the level set method is responsible for the image evolution. This paper is organized as follows: Section 2 introduces the Contourlet transform and the feature extraction method which is based on the knowledge of image multiscale geometric analysis. Section 3 introduces the modified Mumford-Shah model. Section 4 elaborates on the new aerial images segmentation algorithm. The outputs of experiments are presented and illuminated in Section 5 and the conclusions of the paper are listed in Section 6.
Feature Extraction Based on Image Multiscale Geometric Analysis

Image Multi-scale Geometric Analysis and Contourlet Transform
The wavelet transform is widely used in many fields, but it still has some limitations. E.J.Candès [6] indicates that wavelets provide a very sparse representation for piecewise smooth 1-D signals but fail to do so for multi-dimensioned signals. Minh N. Do [7] compared 2-D separable wavelet transform with multi-scale geometric analysis. As we find in the Fig.1 : Multi-scale geometric analysis is more efficient than wavelet transform because of those elongated shapes and multiple directions along the contour.
In 2003, Minh N.Do introduced the contourlet transform [8] which can be regarded as a discrete version of the curvelet transform. It solved most of the problems that the curvelet transform had met with, but it still has a redundancy ratio of about 33%. Although the crisp-contourlets [9] were later generated to reduce the redundancy ratio, DFB [10] applications still exists in the low-frequency component. Truong T. Nguyen and Soontorn Oraintara [11] developed the theory of multi-resolution DFB which can be uniformly and maximally decimated. They introduced the uniform DFB(uDFB) and the non-uniform DFB(nuDFB) in their paper .
In this paper, the contourlet transform is efficient enough to extract the features of the remotely sensed image since the features of aerial Images are mainly concentrated in the middle and high frequency component. The contourlet transform is briefly described as Fig.2 .
The contourlet transform consists of the Laplacian pyramid and the DFB. The union can be described as pyramidal DFB(PDFB). In each scale decomposition, the The contoulet filter bank [7] new scheme [7] Laplacian pyramid separates the low-frequency component from the rest of the components, and then the DFB is applied to the rest.
The Extraction of Rotation Invariant Features
The features of aerial Images are mainly concentrated in the middle and high frequency components, while the low-frequency components usually contain the gray scale information. So we only need extract the features of the middle and high frequency components which we are interested in. The contourlet transform can meet our needs and avoid the complexities of the DFB brought upon by the uDFB and nuDFB [11] . Manesh Kokare [12] proposed a new rotationally invariant feature extraction method, in which the images are decomposed into different sub-bands by DT-CWT and DT-RCWF, then the final rotation invariant wavelet features are obtained from those subbands. Referring to Manesh Kokare's method, the rotation invariant contourlet features can be extracted as follows:
To calculate the features of a certain point in a remotely sensed image, we select a block with a size of 16 16× or 32 32× , with a certain point in the center of the block. Then, we decompose this block into three levels by the contourlet transform. As to the first two levels of contourlet decompositions, we use a three levels DFB decomposition to get an eight-directional frequency partitioning for each level; as to the final contourlet decomposition, the wavelet transform is used to obtain 4 different sub-bands. In the end, the targeted block is decomposed into 20 sub-bands, just as 
Where j i E is the energy of While the level j equal 1 or 2, the rotation invariant features is given by (4), while the level j equal 3, the rotation invariant features is given by (5) . 
Where 6 1~K K are weight numbers.
Mumford-Shah Model and the Modification
The Mumford-Shah model [13] is a commonly used model in image segmentation, based on this Chan and Vese proposed a multi-phase level set framework [14] for image segmentation. In the piecewise constant case, n phases can be represented by m level set functions, where m= n 2 log . In this framework, there exist interactions between each level set function, which will reduce the speed of evolution.
In order to speed up the aerial images segmentation algorithm, we still use n instead of n 2 log level set functions to represent n phases. This method avoids the interaction between different level set functions. However, it has brought about new problems, such as vacuum or overlapping points, which can be regarded as payment for pursuing fast segment algorithm. After finishing the evolution, we need to classify these points by a strategy that will be discussed in later chapters.
The active contour evolving method can combine other features besides the grey level features. Jean-Francois Aujol, Gilles Aubert, and Laure Blanc-Féraud [15] presented a supervised classification model based upon a variational approach. The wavelet features are taken into consideration in this model. Cao Guo [16] proposed a simplified Mumford-Shah model in which the features of fractal error metric and the DCT coefficients of texture edges are considered.
In the situation of supervised classification that the mean values of each region are pre-known, we can obtain the jth energy function as follows: The associated Euler-Lagrange equations to (8) give the following expression: To avoid possible local minima in the level set evolution, one classical technique is to evolve in a multi-scale fashion [17] . The evolution result from the lower resolution is selected to be the initial contour of the next evolution in the higher resolution. Instead of using the classical technique referred to above, we control the value of 6 1~K K in different evolution periods in this algorithm. In the beginning stages of the resolution, the features of lower resolution are applied with bigger weight. When the level set evolves into the more constant stages, the value of 6 1~K K changes to ensure the features of higher resolution are applied with bigger weight. The changing weighting numbers will lead the geodesic flow to the correct position not only in the lower resolution but also in the higher resolution.
Description of the Aerial Images Segment algorithm
The aerial image segmentation algorithm proposed in this paper is a supervised method. The procedure of segmentation can be described as follows:
Step 1: First of all, select the representative sections of different classes from the aerial image and save these sections into the list.
Step 2: Set the weighting numbers Step 3: Referring to C h a n a n d V e s e [ 1 4 ] , initial closed curves in the aerial image are given in this algorithm, just as Fig 4(b) shows.
Step 4: The parameters are initially set as: 2 . Step 5: When the difference between the two evolving steps is smaller than a predefined threshold as 1 T , set the parameters as 6 . 0
Refresh the values of oi feature and feature again. Keep on the evolution.
Step 6: When the difference between two evolving steps is smaller than a predefined threshold as 2 T , set the parameters as 6 . 0 Step 7: Update and evolve the level set function j φ and check whether the criterion of termination is met or not. If the criterion of termination is met, the area inside the closed curves is the area of the jth class object. Start the 1 + j φ evolution, repeat the steps of 4~7.
Step 8: After all the level set functions evolution have finished, check the whole image to find the vacuum or overlapped points. Calculate the mean features of these points and their neighboring points. Classify these points to their nearest class in terms of the calculated mean feature oi feature .
Step 9: According to the result of evolution, differentiate each region using different colors.
Experiment Results and Discussion
In these experiments, the criterion of termination is met when the difference between two evolving steps is smaller than a pre-defined threshold as 0.015 or the evolution reach 20 times. Set the parameters as 1 T =0.45, 2 T =0.15, 1
The original aerial image with a size of 385 495 × is shown in Fig 4(a) , while the initial closed curves in the aerial image are shown in Fig 4(b) . The experiment results of segment aerial images with two and three classes are illustrated in Fig. 6 and Fig. 7 , respectively. Satisfying experiment results are achieved by using the algorithm which is proposed in this paper.
More experiment results are shown as below: 
Conclusion
In this paper, a new supervised aerial images segmentation algorithm is presented. It is built on the basis of the multi-phase Mumford-Shah model. The rotation invariant contourlet features are obtained upon the knowledge of image multi-scale geometric analysis. In order to achieve a fast aerial images segmentation speed, several level set formulations are used to minimize the Mumford-Shah energy functions with contourlet features constraints. The proposed method is proven to be effective by the results of experiments.
